Concomitant cannabis and nicotine use is more prevalent than cannabis use alone; however, to date, most of the literature has focused on associations of isolated cannabis and nicotine use limiting the generalizability of existing research. To determine differential associations of concomitant use of cannabis and nicotine, isolated cannabis use and isolated nicotine use on brain network connectivity, we examined systems-level neural functioning via independent components analysis (ICA) on resting state networks (RSNs) in cannabis users (CAN, n = 53), nicotine users (NIC, n = 28), concomitant nicotine and cannabis users (NIC + CAN, n = 26), and non-users (CTRL, n = 30). Our results indicated that the CTRL group and NIC + CAN users had the greatest functional connectivity relative to CAN users and NIC users in 12 RSNs: anterior default mode network (DMN), posterior DMN, left frontal parietal network, lingual gyrus, salience network, right frontal parietal network, higher visual network, insular cortex, cuneus/precuneus, posterior cingulate gyrus/middle temporal gyrus, dorsal attention network, and basal ganglia network. Post hoc tests showed no significant differences between (1) CTRL and NIC + CAN and (2) NIC and CAN users. These findings of differential associations of isolated vs. combined nicotine and cannabis use demonstrate an interaction between cannabis and nicotine use on RSNs. These unique and combined mechanisms through which cannabis and nicotine influence cortical network functional connectivity are important to consider when evaluating the neurobiological pathways associated with cannabis and nicotine use.
Introduction
Concomitant nicotine use is highly prevalent in cannabis users with rates as high as 39% (Substance Abuse and Mental Health Services Administration 2014). Studies have demonstrated modulating effects of cannabinoid receptor antagonists (e.g., rimonabant) that lead to reduction of reward-related effects of nicotine (Cohen et al. 2002; Le Foll 2004; Forget et al. 2005; Shoaib 2008 ) and increase the odds of smoking cessation in humans (Rigotti et al. 2009; Cahill and Ussher 2011) whereas agonists have the opposite effect (Gamaleddin et al. 2012) . Nicotine also potentiates the acute pharmacological and biochemical effects of delta9-tetrahydrocannabinol (THC), the primary psychoactive ingredient in cannabis (Valjent et al. 2002; Amos et al. 2004; Viveros et al. 2006) .
While numerous studies suggest an adverse additive effect of combined cannabis and nicotine use on physiology (i.e., respiratory function) (Agrawal and Lynskey 2009) , their combined effects on the brain and related behavior are not well understood. In terms of behavior, evidence from the literature is conflicting. Agrawal and colleagues (2012) reported higher rates of substancerelated problems and psychopathology in comorbid nicotine and cannabis users (Agrawal et al. 2012) . On the other hand, Bonn-Miller et al. (2010) showed that nicotine-only individuals had greater symptoms of depression and anxiety relative to those with combined use groups (BonnMiller et al. 2010) . Cognitively, some suggest that the 1 3 degree of combined use has differential effects such that those who primarily use cannabis but also sporadically use nicotine show wide-ranging impairment on cognitive function including learning and memory than those who use nicotine more regularly (Schuster et al. 2015) . The authors posit that greater combined use may attenuate cognitive deficits and therefore reinforce concurrent use. Others have failed to observe differences in cognition, although differences in correlations between cognitive performance and brain structure have been reported (Filbey et al. 2015) .
How these combined effects may manifest in the brain remains understudied. Individually, each substance has been associated with alterations in brain structure (cannabis: Cousijn et al. 2012; Gilman et al. 2014; Filbey et al. 2014; nicotine: Brody et al. 2004; Yu et al. 2011; Liao et al. 2012 ) and function (cannabis: Filbey and Yezhuvath 2013; Cousijn et al. 2014; nicotine:; Claus et al. 2013) . A widely utilized approach of looking at the brain's resting state networks (RSNs) provides baseline information on the brain's functional network architecture based on the temporal correlations of spatially distributed brain regions in the absence of a task (Biswal et al. 1997; Raichle et al. 2001; Seeley et al. 2007 ). Existing studies in primarily cannabis and nicotine users indicate opposing effects of each substance (Subramaniam et al. 2016) , including in RSNs (Vergara et al. 2018) . For example, increased connectivity has been reported in cannabis users (Pujol et al. 2014; Filbey et al. 2014) , whereas reduced connectivity has been observed in nicotine users . In adolescents, nicotine users exhibited decreased activity in the nucleus accumbens during a monetary reward task compared to poly-substance, alcohol, and control groups, but no difference compared to the cannabis group (Karoly et al. 2015) . Currently, we are only aware of one study that examined combined vs. unique associations of cannabis and nicotine on resting state networks (RSNs). Using a seed-based analysis that focused on posterior cingulate gyrus (PCG) connections in the brain's default mode network (DMN), Wetherill and colleagues (2015) found decreased connectivity in users of only cannabis, only nicotine, and concurrent users compared to non-using controls (Wetherill et al. 2015) .
To date, however, associations of concurrent use on alterations in other resting state networks (RSNs) besides the DMN have not yet been examined. Emergent studies on RSNs and substance abuse show altered functional connectivity in substance abusing populations in other RSNs such as the executive control network (ECN) (Sutherland et al. 2012 ). Thus, we tested the hypothesis that concomitant and isolated cannabis and nicotine use is associated with differential activation in several RSNs, including DMN and ECN.
Materials and methods
This study was carried out in accordance with The Code of Ethics of the World Medical Association (Declaration of Helsinki) for experiments involving humans.
Participants
We analyzed resting state fMRI data and anatomical MPRAGE data acquired from 137 participants categorized into four distinct substance use groups: nicotine users (NIC, n = 28, mean age = 32.7 ± 10.0, 16 males), cannabis users (CAN, n = 53, mean age = 24.4 ± 7.9, 38 males), nicotine and cannabis users (NIC + CAN, n = 26, mean age = 26.5 ± 8.0, 19 males), and non-users (CTRL, n = 30, mean age = 28.8 ± 8.9, 14 males). All of the participants were recruited for larger studies aimed at examining the neurocognitive mechanisms related to symptoms of cannabis and nicotine use disorders (Filbey et al. 2009 (Filbey et al. , 2014 (Filbey et al. , 2015 . All of the participants were recruited through flyers and media advertisements in the Albuquerque, New Mexico and Dallas, Texas metro areas. A written informed consent was obtained from all participants in accordance with the Institutional Review Board (IRB) of University of New Mexico and University of Texas at Dallas. The inclusion criteria for all of the participants were: (1) English as the primary language, (2) no current or history of psychosis, traumatic brain injury or neurological disorder. Cannabis users (CAN) were included if they currently use cannabis regularly (at least four times per week) over the last six months (confirmed via self-report and positive THC-COOH urinalysis). Nicotine users (NIC) were included if they reported nicotine use (verified by CO breath monitor) of 10 or more times daily and had less than three months of abstinence in the past year. Participants who met criteria for both regular cannabis and nicotine use as described were included in the cannabis and nicotine group (NIC + CAN). Non-using controls were included if they indicated no regular use of cannabis or nicotine in the last year and no current use of either substance. Participants were excluded if they met current or lifetime abuse or dependence criteria for cocaine, hallucinogens, opiates, sedatives, or stimulants according to the Structured Clinical Interview for DSM-IV (SCID; First et al. 2002) . Participants were not excluded for current or lifetime abuse or dependence for alcohol. Four NIC, nine CAN, and four NIC + CAN participants reported past cocaine use. One NIC, 13 CAN, four NIC + CAN, and one CTRL participant reported past hallucinogen use. Two NIC and six CAN participants reported past sedatives use. Three NIC, three CAN, and two NIC + CAN participants reported past stimulants use. Six CAN participants reported past opiates use. Table 1 summarizes the demographic information, behavioral measures, and total number of participants per cohort. To account for potential acute effects, participants were instructed to abstain from cannabis for 72 h and from nicotine for 12 h prior to the fMRI scan. Abstinence was verified using self-report and CO breath level of 0.0.
Behavioral measures

Sample characteristics
Age, sex, and number of years of formal education were obtained using a standard demographics questionnaire. A Time Line Follow-Back (TLFB; Sobell and Sobell 1992) approach was used to quantify alcohol, nicotine, and cannabis use patterns for 90 days prior to study participation. The DSM-IV cannabis use disorder (CUD) symptom count (current) was used as a measure of cannabis dependence in the CAN and NIC + CAN users and the Fagerstrom Test for Nicotine Dependence (FTND; Fagerstrom and Schneider 1989) assessed the severity of nicotine dependence in the NIC and NIC + CAN users.
MRI acquisition
MRI scans of the NIC, CAN, NIC + CAN users, and ten participants in the CTRL group were performed at the Mind Research Network in Albuquerque, NM on a Siemens 3T Trio scanner using the standard 12-channel phased array head coil. Whole brain high-resolution T1-weighted anatomical images were collected using a multi-echo Magnetization Prepared Rapid Gradient Echo ( 
Data pre-processing
Each of the participants' resting state BOLD fMRI data and anatomical MPRAGE data were processed using the processing scheme based on SPM (Wellcome Department of Imaging Neuroscience, London, UK), AFNI (National Institute of Mental Health Scientific and Statistical Computing Core, Bethesda, MD), and FSL (FMRIB Software Library v5.0, Analysis Group, FMRIB, Oxford, UK). In the first step, the first 5 time points were removed from each BOLD fMRI data to account for T1-relaxation effects. BOLD fMRI data were then motion-corrected by aligning each of the time points with the mean of the data using SPM's realign function. Following motion-correction, the data were co-registered with each of the participants' anatomical MPRAGE scan. After co-registration, the anatomical MPRAGE images were segmented in to grey matter (GM), white matter (WM) and cerebrospinal fluid (CSF) images and probability maps were created using SPM's new segment tool. The BOLD fMRI data were transformed into MNI standard space using the deformation field derived during the anatomical segmentation. In order to remove the effects of physiological noises and motion-related artifacts from the BOLD fMRI data, a GLM-based regression model was implemented. CSF and WM masks were created using the probability images derived during segmentation step were thresholded at p > 0.95. These masks were used to extract the CSF and WM time series from the BOLD fMRI data in MNI space. A principal component analysis was performed on the time series data and the first principal component (PC) from the CSF and WM time series was extracted. Our GLM regression model included 6 motion parameters derived during the motion-correction step, 6 autoregressive versions of the motion parameters and 12 quadratics of these motion parameters in order to reduce the effect of motion on the BOLD fMRI data. In total, 26 regressors were used in the GLM model (1 pc for CSF, 1 pc for WM, 6 motion parameters and 6 one-time-point delayed motion parameters, 12 squared motion parameters). Following regression, the BOLD fMRI data were band-pass filtered between the frequency bands 0.01 and 0.1 Hz and spatially smoothed with a 6 mm FWHM Gaussian filter using the 3dBandPass command in AFNI.
Motion analysis
Given that participant head motion during resting state can affect group level differences, we applied multiple motion criteria. For each participant, we calculated motion parameters during the motion-correction step. In addition, we also calculated frame-wise displacement for each participant based on the model defined by Jenkinson and colleagues (Jenkinson et al. 2002) . A participant was only included in the analysis if the maximum motion in any direction was less than 1 voxel (< 3.75 mm) and if the mean frame-wise displacement was less than 0.5 mm. To determine if the groups showed different motion profiles, group level two-sample t tests were performed to derive group level differences in motion between each group.
Resting state functional connectivity (RSFC) analyses
We evaluated resting state functional connectivity using a group independent component analysis (ICA)-based dual regression approach. In the first step, group ICA was performed using a temporal concatenation approach available in FSL MELODIC. For this step, we combined all of the participants across the four groups. In order to combine the processed fMRI data across the participants, we restricted our analysis to the first 140 time points across all the participants. We performed two distinct ICAs. For the first analysis, we selected the dimensionality to be 20 components and for the second analysis, we extracted 40 components. For both of the analyses, each IC was quantitatively compared with the IC maps from 1000 Functional Connectome Project to identify resting state networks (Taylor et al. 2012 ). Specifically, we calculated DICE coefficients between each pair of IC maps derived from the current analysis and the IC maps from the 1000 Functional Connectome Project using 3dMATCH program in AFNI (Taylor and Saad 2013) . The highest DICE coefficient values along with visual inspection identified the RSNs. Based on this comparison, we observed increased parcellation of RSNs in multiple ICs in ICA with 40 components compared to ICA with 20 components. Thus, we selected the ICA with 20 components for further analysis. Each of the 20 ICs were back-projected onto each individual participant's brain using GLM to derive participant-level component time series. Participant-level component time series were used in the second regression model to derive participant-level IC maps. For each of the participant-level IC maps, z-stat images were calculated.
Between-group analyses
A one-way, 4-factor ANOVA was performed to determine differences between the groups. Additionally, post hoc two-sample t test comparisons were performed comparing each of the four groups in the ICs displaying significant group level ANOVA differences. In sum, a total of six, two-sample tests were performed for each of the ICs, comparing NIC users with NIC + CAN users, CAN users with NIC + CAN users, CTRL group with NIC users, and CTRL group with CAN users. We found typical dissimilarities in sex and education characteristics (Gfroerer et al. 1997) between the substance using and non-using groups; thus, we covaried for these variables, in addition to age in each of the group level comparisons. Additionally, we used recent alcohol use (average drinks per drinking day in the preceding 90 days) and lifetime alcohol abuse and dependence as covariates to control for effects of alcohol use on RSNs. In the NIC + CAN vs. CAN post hoc comparison, cannabis and nicotine use in the preceding 90 days was also added as a covariate to control from the effects of recent use. Similar to other multi-site studies (Biswal et al. 2010; Turner et al. 2013) , we also added MRI site as a covariate. Group level statistics were performed using permutation tests available in FSL randomize and group level differences were derived using p < 0.05 with FWE correction.
Correlational analyses between RSFC and behavioral measures
For each IC exhibiting significant group level ANOVA differences between all the groups, we extracted brain regions pertaining to these differences. An ROI mask was created using this group level difference and average connectivity strength was extracted for each participant using the z-stat maps created during the dual regression steps. Each average connectivity score was then correlated with measures of substance use severity (CAN: DSM-IV CUD symptom count; NIC: FTND) and p values were corrected for multiple comparisons using p < 0.05 with FDR correction for 72 tests (12 ICs × 6 contrasts).
Results
Motion effects
All of the participants passed the motion criterion with maximum motion in any direction < 1 voxel size (3.75 mm) and mean frame-wise displacement < 0.5 mm. In addition, none of the groups revealed significant group level differences in motion (NIC vs 
Group level RSNs
A total of 15 ICs were identified as representations of known resting state networks based on the comparison with FCP-1000 (Biswal et al. 2010) . Based on the ANOVA results, we identified 12 components with significant effect of group. Figure 1 illustrates the group level IC maps from the interaction effects of NIC and CAN vs. CTRL and NIC + CAN for each of the 12 RSN. The RSNs were: (1) anterior default mode network (DMN; IC01), (2) posterior DMN (IC03), (3) left frontal parietal network (IC04), (4) lingual gyrus (IC05), (5) salience network (IC06), (6) right frontal parietal network (IC07), (7) higher visual network (HVN; IC08), (8) insular cortex (IC09), (9) cuneus/precuneus (IC10), (10) bilateral inferior temporal gyrus, bilateral superior temporal gyrus and superior frontal gyrus (IC12), (11) Figure 2 displays group level differences between the CTRL group and NIC and CAN, users. The CTRL group exhibited significantly greater connectivity than NIC users across all identified ICs, except the anterior DMN (IC01) and the basal ganglia network (IC17) (all p < 0.05, with FWE using FSL randomise). Additionally, the CTRL group exhibited significantly greater connectivity compared to CAN users in the salience network (IC06) and posterior cingulate gyrus (IC11) (p < 0.05, with FWE correction using FSL randomise). Figure 3 illustrates group level differences in RSFC between the NIC users, CAN users, and NIC + CAN users. NIC + CAN users exhibited significantly greater RSFC in the posterior DMN (IC03), left frontal parietal network (IC04), right frontal parietal network (IC07), higher visual network (IC08), cuneus/precuneus (IC10), and dorsal attention network (IC15) compared to both CAN and NIC users. NIC + CAN also exhibited significantly greater RSFC in the anterior DMN (IC01), lingual gyrus (IC05), salience network (IC06), and insular cortex (IC09) compared to NIC users. There was no significant difference between the NIC and CAN users.
Correlations between RSFC and substance use severity
Correlation analyses were performed based on the ANOVA group level RSFC differences. No significant correlations were observed between the ICs and substance use severity measures in any of the groups at p < 0.05 with FDR correction. However, using a less stringent threshold of FDR-correction for each correlation analysis (i.e., 12 ICs) rather than the total of 72 ICs from all correlation analyses conducted for the study, we observed a significantly positive correlation between the left frontal parietal network (IC04) and current CUD symptom count in CAN users (r = 0.48, p = 0.0014).
Discussion
To address the important issue of differential associations of isolated vs. combined nicotine and cannabis use with brain function, we compared the brain's resting state functional connectivity in cannabis users (CAN), nicotine users (NIC), concomitant cannabis and nicotine users (NIC + CAN), and a non-using control group (CTRL). We found that RSFC was greatest in the NIC + CAN users among the substance use groups. We observed an interaction between CAN and NIC such that RSN connectivity was greater in the concurrent users relative to the single substance users. Specifically, RSFC was greater in the CTRL group compared to NIC users in all of the identified ICs, except the anterior DMN and basal ganglia network, and greater than CAN users in the salience network and posterior cingulate gyrus. Interestingly, there were no significant differences in connectivity between the CTRL group and NIC + CAN users. Additionally, NIC + CAN users exhibited greater RSFC compared to NIC users in all identified ICs, except the left frontal parietal network, posterior cingulate gyrus, dorsal attention network, and basal ganglia network, and compared to CAN users in the posterior DMN, right frontal parietal network, higher visual network, cuneus/precuneus, and dorsal attention network. There were no significant differences in RSFC between NIC and CAN users. These findings suggest an interaction between cannabis and nicotine use such that isolated users differ from concomitant users, but not from each other.
This interaction may be due to reported opposing effects of cannabis and nicotine on the brain. For instance, in previous studies reporting enhanced RSFC in cannabis users have suggested potential compensatory mechanisms following THC-induced alterations in cerebral blood flow or down regulation of CB1 receptors (Gilman et al. 2014; Weiland et al. 2015) . Support for compensation is based on increased RSFC in regions associated with cognitive load effect such as those in frontal, medial, and cerebellar areas (Chang 2006) . Conversely, nicotine's cognitive enhancing properties via nicotinic acetylcholine receptor activity may obviate neuroadaptive compensatory mechanisms (Poorthuis et al. 2009) . Studies have also shown that one potential mechanism underlying nicotine's cognitive enhancing effects is its suppression on RSFC such as in the DMN (Hahn et al. 2007; Tanabe et al. 2011 ). The DMN is comprised of brain regions important for processing internal information. Thus, de-activation of DMN may lead to more effective processing of external stimuli while engaged in tasks that could lead to augmented cognitive functioning.
Although the exact mechanism for the crosstalk between cannabis and nicotine is complex and has yet to be determined, the notion of 'gateway drug' effects suggest the progression of drug use from nicotine to cannabis. However, animal studies demonstrate potentiating effects of cannabis exposure on the rewarding effects of nicotine. For instance, 94% of THC-exposed rats were more likely to self-administer nicotine compared to 65% of non-exposed rats (Panlilio et al. 2007 ). This response following exposure Fig. 2 Differences between the control group and single substance using groups via t-tests. The control (CTRL) group exhibited significantly greater connectivity in the salience network (IC06) compared to nicotine (NIC) and cannabis (CAN) users. The CTRL group also exhibited greater connectivity in posterior DMN (IC03), left frontal parietal network (IC04), lingual gyrus (IC05), right frontal parietal network (IC07), higher visual network (IC08), insular cortex (IC09), cuneus/precuneus (IC10), bilateral inferior temporal gyrus, bilateral superior temporal gyrus and superior frontal gyrus (IC12) and dorsal attention network (IC15) compared to NIC users (p < 0.05, FWE corrected using FSL randomise) to THC persisted with increasing response requirement, indicating increased reward-salience for nicotine that was not seen for heroin or cocaine self-administration in THCexposed rats. These findings indicate a specific interaction between endocannabinoid and nicotinic pathways that may lead to greater combined use of both, and, perhaps, greater combined effects as demonstrated in the current study. Interestingly, PET studies of the dopamine system, considered the final common pathway for the reward and reinforcement properties of drugs of abuse and implicated in both Fig. 3 Differences in resting state functional connectivity between substance using groups via t tests. Concurrent nicotine and cannabis users (NIC + CAN) exhibited significantly greater connectivity in posterior DMN (IC03), left frontal parietal network (IC04), right frontal parietal network (IC07), higher visual network (IC08), cuneus/ precuneus (IC10) and dorsal attention network (IC15) compared to NIC and CAN users. NIC + CAN users also exhibited greater connectivity in the anterior DMN (IC01), lingual gyrus (IC05), salience network (IC06), and insular cortex (IC09) compared to NIC users (p < 0.05, FWE corrected using FSL randomise) cannabis and nicotine (i.e., decreased dopamine function), do not strongly support a combined effect of concomitant cannabis and nicotine use on dopamine transporter availability (Leroy et al. 2012) . It is possible that our findings of enhanced RSFC in NIC + CAN reflect the previously suggested compensatory mechanisms noted as a result of THC exposure (Filbey et al. 2014 ) as well as recent findings suggesting attenuating effects of nicotine on neurocognitive decrements in concurrent cannabis and nicotine users (Filbey et al. 2015) .
Given the existing literature showing associations between substance use and functional connectivity, the absence of significant associations between substance use severity and functional connectivity in our sample was surprising. For example , Filbey et. al. (2014) reported that greater duration of cannabis use was associated with greater RSFC in OFC networks (Filbey et al. 2014) and Wetherill et. al. (2015) found a positive correlation between connectivity between the posterior cingulate cortex and anterior insula and duration of cannabis use (Wetherill et al. 2015) . Notably, at a more lenient FDR-corrected threshold, a significantly positive association between CUD symptom count and left frontal parietal network emerged in CAN. Taken together, these findings suggest a weak relationship between substance use severity and RSNs.
Limitations and conclusions
Although we made an attempt to statistically correct for the differences between groups on demographic variables of no interest as well as scanner site, it is important to replicate these findings in more closely matched groups to minimize potential confounding effects of these variables. Additionally, it is important to note that while a resting scan duration of 5 min that has been previously reported to be sufficient to provide robust correlation strengths (Van Dijk et al. 2010) reliability of findings increase with longer scan duration (Birn et al. 2013 ). Thus, a longer resting state duration may bolster these effects. To conclude, our findings add to the growing literature on drug abuse by demonstrating that the concurrent use of cannabis and nicotine is associated with enhanced RSFC that is similar to that of non-using controls but greater than that of cannabis only or nicotine only users. This effect is observable despite a potentially opposing attenuating effect of nicotine on RSFC, therefore, suggesting a greater role of cannabis on systems-level neural mechanisms that should be considered in intervention programs.
